Air pollution levels in an urban environment is a major concern for developed and developing countries alike. Governments around the world are constantly trying to control and reduce air pollution levels through regulations. Low emission zones are being designated in cities worldwide in order to reduce the level of pollutants in big cities. The automotive industry is affected by those regulations and they are becoming more demanding over the years. Present work is aimed at developing a control strategy for a hybrid vehicle in order to optimize the fuel economy and emission levels based on GPS information, driver specific driving characteristics and weather forecast data for a given route. It uses powertrain model of a hybrid vehicle for developing route and driver specific control strategy. The full vehicle model has two sub-models: a route selector and a powertrain optimization model. The route selector selects the optimum route for the vehicle based on energy consumption considering possible routes for reaching the destination. Then the performance is optimized for the selected route using a cost function, which considers route segments which include low emission zone and available data for the headwind during the journey. The results identified the option for choosing strategy for improving both fuel economy and emission levels for a given route.
Introduction
Air quality, especially, in urban areas presents a worldwide problem which affects all the countries alike. Since the overall quality of the air is highly affected by road transport, the European Union imposed the "Euro emissions standards" (EC-Environment 2016)I n order to reduce the pollutants emitted to the atmosphere. Emissions standards imposed by governments around the world are becoming more restrictive over the years. In 1992 the "Euro 1" standard was imposed, imposing the use of a catalytic converter to gasoline cars in order to reduce the amount of CO emissions produced. Over the years the regulations became more restrictive leading to a reduction of the emissions of some pollutants by 96% (AA 2015) . In 2012, air pollution of cities or rural areas were estimated to cause 3.7 million premature deaths worldwide. The World Health Organization concluded in 2014 (WHO 2014) that the particulate matter component of air pollution is carcinogenic to humans with high incidence in lung cancer. Research linked to adverse health impacts also (Kampa and Castanas 2008) attribute symptoms such as nose and throat irritation followed by bronchoconstriction and dyspnoea to nitrogen oxides (NOx) and certain heavy metals to emissions from combustion devices. According to (European-Comission 2015) , 310,000 premature deaths are attributed to air pollution each year. Road accidents cause less fatalities than air pollution. The economic impact of the human health damage caused by air pollution is estimated to be between 427€ and 790€ billion each year. With the evidence of the damage that pollution can cause to human health, countries around the world as well as the European Union are forced to tougher air quality standards. The imposed air quality standards are hard to achieve in big cities due to the high concentration of vehicles, Low Emission Zones (LEZ) were imposed in some of them to improve air quality. The impact of LEZs in European cities was positive on air quality terms. The city of Berlin reduced the NOx emissions of its whole fleet by 20% in just two years according to (EU 2015) . The level of impact depends on different aspects such as the emissions standard set, the enforcement of the LEZ, the extension of it or the number of vehicles affected.
New regulations forced the automotive sector to find a solution for deteriorating ambient air quality and also replace the hydrocarbon based fuels with low carbon or carbon free fuels recently. This has resulted in hybridisation or electrification of the vehicles (Traders 2015) .
Hybrid vehicles open the opportunity of drawing the energy needed to drive a car from different resources as batteries, internal combustion engines and flywheels etc. (Mohan, Assadian, and Longo 2014) . The energy efficiency characteristics of those sources differ from one to another (Gross 2007 , Heywood 1988 ) which makes energy management a crucial task. With the flexibility found in hybrid powertrains new control strategies can be developed in order to maximize the efficiency of the vehicle for specifics routes.
Conventional electric hybrid vehicles have reactive control strategies which are primarily governed by the state of charge of the battery and to sustain the SOC of the battery (Baumann et al. 2000) during the journey. This reactive strategy makes sure that the battery level is between the desired boundaries but it can be inefficient in some circumstances. Reactive control strategies are tuned based on standard driving cycles which mean that the vehicle performance can be close to the optimal in these circumstances but it does not guarantee the optimal operation over different scenarios (Zeng and Wang 2015) . These control strategies can be improved by making use of the GPS data of the vehicle which can predict what the vehicle is 7/20/2015 going to encounter in the road ahead and adapt its control strategy in order to maximise efficiency (Zou et al. 2013) . Hybrid powertrain energy management strategies have been an object of study for years and can be classified in three main categories: rule based control, static optimization methods and dynamic optimization approaches. Rule based control strategies are implemented in production cars due to its light computational requirements but as mentioned previously, they cannot guarantee optimal performance for different scenarios (Baumann et al. 2000) . Static optimization methods are positioned in an intermediate position with medium computational requirements and closer to the optimal if compared with the rule based control (Kim et al. 1999) . Dynamic programming approach is hardly implementable into road vehicles because of its high computational requirements. However, it can be used to set benchmarks from which other control strategies can be compared against (Chan-Chiao et al. 2003 ).
The present work makes use of the data available from GPS system of a car, drive cycle data available for the route from the data bank and prevailing wind conditions from weather forecast in order to optimize the powertrain performance for a given journey. The model will be split in two different models which were linked and share information. The first part is a route selector which will select which is the optimum route for reaching the destination based on energy consumption. The energy consumption calculation will include vehicle speed, road grade and relative wind speed from the vehicle. Low emission zones (LEZ) appearance during a route will be detected by the route selector and it will transfer that information to the main model too. Once the optimal route is selected the route information is transferred to a more detailed and complex vehicle model which will vary the energy management system of the vehicle in order to drive through the route in an optimal manner. The main model will make use of a cost function which will define the optimization objective. Since the route selector has already identified the appearance of a LEZ during the route, the cost function will vary in order to meet the LEZ requirements, modifying the powertrain control based on emissions reduction or optimum fuel economy.
Baseline reactive control strategy
This project will be based on vehicle simulations. Vehicle simulations has been performed using GT-Suite software. The 2004 Toyota Prius powertrain known as Toyota Hybrid System II (THS-II) was used as baseline in the simulation performed in this project. The THS-II powertrain was selected because there are several studies of it since it set the benchmark of hybrid vehicles in the past (Meisel 2011 , Yamamoto 2010 , Duoba, Ng, and Larsen 2001 . The overall layout of the model can be seen in Figure 1 . The vehicle module represents a physical model of the dynamic of a conventional vehicle which estimates the torque required to drive the vehicle for a given vehicle speed. The vehicle is connected to the road through axles and wheels which inertia can be specified in order to take them into account in the calculation. The road module contains information of road grade, road curvature radius and rolling resistance changes due to changes in road surface. The vehicle is also connected to the ambient were information of air density, air velocity and relative air direction with respect of the vehicle can be specified. The tractive power of the vehicle comes through the driveshaft which comes from the transmission to the front differential. The differential transmits the tractive power through the front wheels to the road.
The ICE object is a map-based model used to characterize the engine performance, fuel consumption, heat rejection and emissions. In this particular model, the engine had the accelerator opening percentage as an input and it returned engine torque and engine speed. Since we did not have detailed emission maps for THS-II, the emissions maps of a typical EURO-IV vehicle obtained from a controlled experiment with the similar loading conditions were used in this model. Although this approach will not represent the actual vehicle's emissions levels from THS-II, it will be sufficient for comparing the performance of a baseline vehicle with that of optimum control strategy.
The model estimates the power required to drive the vehicle at the speeds dictated by the speed profile imposed, this will be an estimation of the total power required to drive the vehicle based on the speed profile and vehicle mass and inertia characteristics. Another crucial component that has to be managed efficiently in a hybrid vehicle is the battery. For the baseline model there is a specific module to control this component. The objective of this control is to determine the power required by the battery in order to maintain the SOC between its boundaries. The SOC demand is converted into power demand necessary from the ICE in order to maintain the battery levels. Modification in this control could make the system more flexible when controlling the battery levels, requiring less power from the engine in some situations.
The THS-II features regenerative braking which is used to recharge the battery in deceleration periods. The vehicle can brake making use of the electric motors or by using conventional friction brakes. The generator has the objective of controlling the ICE speed and force it to run in its most efficient range whenever it is possible. This control 7/20/2015 has been specifically tuned to reduce fuel consumption without having the emissions into account. The last important component of the vehicle's layout is the electric motor, it has the objective of supplying additional tractive power when required and also regenerating energy when the regenerative braking is enabled. With the purpose of testing the accuracy of the model a comparison between the input speed profile which the vehicle will try to follow and the actual vehicle aped achieved by the model can be seen in Figure 2 . As can be observed, the accuracy of the speed controller is more than acceptable with the vehicle following thoroughly the input curve.
Main model validation
In order to continue validating the model a comparison between experimental data and the results from the simulation was performed. The experimental data was extracted from (Duoba et al. 2001 The vehicle speed profiles are identical which indicates that the power demand control is set up correctly. However, there are some clear differences when the engine speed is compared, with much higher engine speeds in the real test compared to the simulation model. The main reason why this is happening is because of the control of the model is forcing the engine to be at lower speeds to reduce fuel consumption. The engine is forced to follow be at lower speeds compared to what the experimental data from the vehicle shows. This control will help to reduce fuel consumption but it is ignoring its effect on the emissions produced by the ICE. Since the emissions are one important aspect considered in this project, the relaxation of the model in this area will be crucial to control the emissions levels of the vehicle.
A maximum acceleration test was performed in order to validate the maximum capabilities of the vehicle. From (Muta, Yamazaki, and Tokieda 2004) it was possible to extract the curve of maximum driving force for the THS-II powertrain as shown in Figure 5 . If the graph is compared with the one obtained by simulating the model as shown in Figure 6 , it is possible to see clear differences: Figure 5 : Maximum tractive force of THS and THS-II from (Muta, Yamazaki, and Tokieda 2004) 7/20/2015 The tractive force has some irregularities from the seconds 20 to 25 and in overall terms the tractive force follows the tractive force of the THS powertrain instead of following the THS-II curve which is the powertrain which is supposed to be modelling. The reason of this difference is because the model engine control was optimised for minimise fuel consumption and its control is not the same as the one that can be found in the standard vehicle.
As a conclusion, the validation process showed that the baseline simulation model was clearly optimised to minimise fuel consumption. A NEDC simulation was run in order to compare the fuel consumption of the model with the results of the THS II powertrain from the Vehicle Certification Agency (VCA 2004) . The result showed a significantly lower fuel consumption (21%) predicted by the model. The fact that the baseline model was optimised for low fuel consumption will present the opportunity of showing how emissions are affected by the change in powertrain control.
GPS Based Model
The simulation model has been separated into two different models: a route selector and a main optimization model. The main objective of the first model is to select the route with less energy demand. The outputs from the route selector will be used as inputs for the main model which will run an optimization problem in order to minimise a pre-defined cost function as shown in Figures 7 and 8. 
Route Selector
This model makes use of simple equations to determine the amount of energy needed by a standard vehicle to drive through different routes for the same destination and select the route which consumes the least amount of energy. Furthermore, it will select the weighting factors used by the cost function of the main model. In order to calculate the approximated energy consumption, the route selector model will need various inputs as speed profiles, elevation profiles, location points (latitude and longitude), local wind speed and local wind direction for each alternative route. Figure 8 shows how the calculation of the predicted energy consumption for one of the routes is calculated and its general structure. There are three main branches which calculate the road gradient, the vehicle speed and the wind resistance power along the route. All these effects are added and then integrated in order to obtain the energy consumption. The controller module highlighted in Figure 8 is a predefined controller which will calculate the tractive power required in order to allow the vehicle to follow a given speed profile. The power demand calculated by this module accounts for tyre rolling resistance and road curvature effects. The power request also includes the necessary power to accelerate or decelerate the vehicle and cargo mass as well as major vehicles inertias as axle and wheel inertias and the effect of the driveline efficiency. The output of the previous controller will be added to the aerodynamic resistance power (PAR) and the road grade resistance power (PRG). The resistance force due to road gradient is given by Equation 1.
Where m is the mass of the vehicle, g is the gravitational acceleration and α is the road inclination. Since the instantaneous power of a force applied to an object travelling at a given speed is calculated as:
Where P is the instantaneous power, F is the force applied to a body, v is the velocity of the force application point and θ is the angle between the force and velocity vectors. Since the resistance force due to gradient is considered to affect only the longitudinal direction of the vehicle, the cosines term can be suppressed. If equations 1 and 2 are combined the resistance power due to road gradient will be:
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In order to calculate the energy consumption due to wind resistance the relative wind speed and direction with respect to the vehicle is required. Making use of the latitude and longitude data available from the GPS data and the wind speed and direction on that region from the weather forecast data at that time a MATLAB script (MathWorks 2015) was developed in order to calculate the relative wind speed and direction with respect of the vehicle. It is important to state here that the wind speed and direction was supposed to be constant for the whole simulation as the real time update of the wind maps was not achievable with GT-Drive software. In order to calculate the relative wind direction, the route location points and the local wind direction are used. Vector of displacement between location points are calculated and expressed in polar coordinates. The angle of the vectors are subtracted from the local wind direction in order to obtain the relative wind direction. The aerodynamic resistance force calculation is given by equation 4.
Where ρ is the air density, Cd is the drag coefficient, A is the frontal area of the vehicle and v is the relative velocity between the vehicle and the air. Since the most significant changes in energy consumption due to drag are in the longitudinal direction of the vehicle it is important to calculate the aerodynamic force in the longitudinal direction, this was done incorporating a cosine term with the angle formed between the vehicle and the air. Making use of Equation 4 the calculation of the aerodynamic resistant power becomes: Figure 9 selects the speed profiles, altitude profiles and wind direction profiles based on the total energy consumption calculated by the previous section. Figure 10 selects the gain values of the cost function of the main model. This will change the optimization´s objective based on the appearance of a LEZ during a route. The gains used in the simulations and they origin will be explained in the following section. Once the calculation of the energy needed for each route is done the model selects the optimal route and generate different outputs to be used by the main model: 
Where PB is the maximum available power from the battery, this term controls the battery depletion since the maximum available power depends on the state of charge of the battery. The rest of the terms are the consumption rate of fuel (fuel(t)) and the emissions rate of NOx, HC, CO and CO2 respectively. All the terms that appear in the cost function have an associated weighting factor (αi).
The values of emissions, fuel consumption and available power in the battery were normalised in order to make the different measures comparable. The weighting factors (αi) are used to modify the weight of each parameter according to what the user finds appropriate in a specific case. In the simulations performed during this project the weighting factors were selected depending the appearance of a low emission zone during the route. If the route selector detected a low emissions zone during the journey, more weight will be given to NOx emissions than fuel consumption.
Relaxation of the model
In order to allow the optimization process, the main two components that need to be controlled are the two power sources, in this case the ICE and the battery. The modification of the ICE control was done through the modification of the generator control which was responsible of the control of the ICE speed. The baseline curve followed by the model was fixed forcing the engine to run at the given speeds depending on the demanded power. The new curve features two sliding points which allow the curve to modify its shape, allowing the engine to be run at different speeds depending on the conditions imposed by the cost function. Battery control modification was made by the introduction of a new variable in the battery SOC control. The target SOC of the battery was set as new variable allowing the battery to be more flexible when demanding power to the internal combustion engine.
Simulation of GPS based model
In order to perform realistic simulations data from known trips were used in the simulation. The route data was logged making use of the GPS module and it represents two alternative routes between the cities of Oxford and Coventry as shown in Figure 11 . The selected routes consist of a high speed motorway trip (106.5 km) and a lower speed route (104.4 km) which goes through different towns and cities. Different driving patterns are observed in the speed profiles of the routes as can be seen in Figure 12 . The resulting speed profiles after the filtering process are shown in Figure 12 . The motorway trip has much higher vehicle speeds and a much more constant speed profile if compared to the no-motorway trip. The trip that followed mainly A-roads has lower and more inconsistent speed values in comparison. The elevation profiles of both routes can be seen in Figure 13 , the motorway trip shows a much smoother elevation profile if compared to the conventional road route. The elevation profiles were available from the GPS data recorded. The wind direction and speed for both routes were different since the routes were recorded on different days. The data for this study was obtained from MetOffice (MetOffice 2016).
Results and discussion
In order to assess the effect of the route selector the two alternative routes are compared in terms of energy consumption and emissions levels. The fuel consumption of the A-roads trip was 11.3% less than what the motorway trip registered. The main difference between both routes is the energy loss due to the aerodynamic drag with much higher losses for the motorway trip. Once the route is selected the powertrain of the vehicle will be optimized to run efficiently through it. Since the powertrain control will change if a LEZ is detected through the route, two different cases were studied. A first one with no appearance of LEZ in which the main objective would be to minimise fuel consumption and a second one which will include a LEZ and the main objective will be to reduce the emission levels.
The results show an improvement in fuel consumption and emission level over the baseline model in both scenarios. In the case of minimum engine fuel consumption, the improvement over the baseline is of 0.72% while in the case of minimum NOx emissions the fuel consumption is reduced by 0.63%. The fuel consumption is very close to the results achieved by the baseline model, this is due to the fact that the baseline model was specifically designed for minimum fuel consumption as explained in previous sections. In order to put the results in context it is important to remember that the baseline model consumed 21% less fuel if compared to the real vehicle (VCA 2004 ).
When the model was optimized for better fuel economy, the NOx emission levels decreased by 2.3% from that of baseline, but in contrast, when the vehicle was optimized for emission levels, the NOx emissions were reduced by 5.3 % when compared to baseline. It is important to highlight that the fuel consumption and NOx emissions cannot be reduced at the same time since what is good for reducing fuel consumption might not be good for reducing NOx emissions. This difference is due to the fact that the production of NOx happens mostly at low engine speeds in this engine while the minimum fuel consumption is generally benefitted by low engine speeds. This situation leads to a trade-off between NOx generation and fuel consumption which can be controlled and modified adjusting the weighting factors of the cost function.
In order to fully assess the vehicle performance through the route not only the fuel consumption or the emissions have to be considered. Since the vehicle tested is a hybrid vehicle with a battery which can store energy, one important aspect to look at is the added or depleted energy of the battery. If during one route more battery energy is added to the battery, then that energy is available to be used by the vehicle for the next trip. To compare the results of the simulations the energy stored in the battery was converted to its fuel-equivalent. The following equations were used in order to convert the extra energy stored in the battery into equivalent mass of fuel.
em batt
Where mefuel is the equivalent mass of fuel saved, ηICE is the thermal efficiency of the engine, ηtrans is the transmission efficiency, ηbatt is the battery efficiency, ηem is the efficiency of the electric motors, LHV is the low heating value of the fuel and ΔEelec is the difference between the energy stored in the battery between the optimized models and the baseline. Where mefuel is the equivalent mass of fuel saved due to the added energy to the battery, mtfuel is the total mass of fuel consumed during one trip and NOxtotal is the total mass on NOx emitted during the trip. The results shown in Figures 14 and 15 indicate that the equivalent energy stored in the battery has a higher effect in the fuel consumption than in the NOx emissions in comparison with the savings already achieved. The reason of it remains on the fact that the fuel consumption savings were not as great as the emissions saving so, in comparison, the added energy to the battery will have a higher effect on the fuel consumption.
Overall model results
In the previous sections the performance of main features of the model was assessed, in this section the overall performance of the optimization process are being compared. The total fuel consumption improvement of the vehicle is calculated as the addition of the fuel economy gain due to the route selector and the fuel economy gain due to the powertrain optimization. The savings on emissions are of more than 5% in the case of the appearance of a LEZ which is when the powertrain is mostly optimized to NOx emissions reduction. As can be seen in Figure 16 , the major gain in terms of fuel consumption are due to the effect of the route selector which reduced 11.3% the fuel consumed by the vehicle when travelling between the start and the finish point. Furthermore, the powertrain optimization adds an additional 1% and 0.9% fuel efficiency gain for the cases the route without a LEZ and the route with a LEZ respectively. The overall result shows an improvement of over 12% in fuel efficiency for both cases. Overall, an improvement on fuel economy and emissions can be observed in both cases. There is a trade-off between fuel economy and NOx emissions in the vehicle and the cost function defines the point where the vehicle will operate.
Conclusions
Previous work in the literature presented different approaches for optimizing a hybrid vehicle powertrain. Mainly they used GPS data in order to optimize the fuel economy and emissions performance of a vehicle through a given route. Dynamic optimization showed a positive effect when applied to powertrain optimization problems. However, there was the lack of a process that combine route selection with powertrain optimization.
The implementation and growth of low emission zones over the recent years opened a good opportunity to highlight the importance of the linkage of the route selection with the powertrain optimization.
The developed model makes use of the data available in the GPS system of a car in order to optimize a journey to a destination. The model is split in two different models which were linked and share information. The first part is a route selector selects which is the optimum route for the vehicle to follow based on energy consumption through different routes. The energy consumption calculation during the routes includes vehicle speed, road gradient and relative wind speed from the vehicle. LEZs are detected and the weighting factors of the cost functions are set according to it. Once the optimal route is selected the route information is transferred to a more detailed and complex vehicle model which varies the energy management system of the vehicle in order to drive through the route in an optimal manner. The main model uses of a cost function which will define the optimization objective. Since the route selector has already identified the appearance of a LEZ during the route, the cost function will vary in order to meet the LEZ requirements, modifying the powertrain control based on emissions reduction or optimum fuel economy.
The cost function presents a very simple and effective way of adapting the control strategy to vehicles which have to meet different requirements given by legislation changes or just to meet certain manufacturer's standards. It also opens the opportunity to adapt the control strategy to vehicles which are not even hybrid which can benefit from both route selection and powertrain optimization as well. In order to adapt it just changes in the optimization variables will have to be made. This fact highlight one of the main strengths of the presented control strategy, its versatility.
The results from the performed simulations showed an improvement in fuel economy and emissions for all the presented cases. The route selector helped to improve fuel economy by 11% just selecting the less energy consuming route. In addition to it, the powertrain optimization model reduced fuel consumption by an additional 1%. The NOx emissions which were set as main emission target were reduced by 2.5% in the case of a route which does not include a LEZ in it and by more than 5% in the case of the appearance of a LEZ.
Route selection plays a very important role in the optimization process. Furthermore, the versatility of the cost function allowed the vehicle to adapt its optimization target depending on the demands encountered in the route.
